Different interfaces allow a user to achieve the same end goal through different action sequences, e.g., command lines vs. drop down menus. Interface efficiency can be described in terms of a cost incurred, e.g., time taken, by the user in typical tasks. Realistic users arrive at evaluations of efficiency, hence making choices about which interface to use, over time, based on trial and error experience. Their choices are also determined by prior experience, which determines how much learning time is required. These factors have substantial effect on the adoption of new interfaces. In this paper, we aim at understanding how users adapt under interface change, how much time it takes them to learn to interact optimally with an interface, and how this learning could be expedited through intermediate interfaces. We present results from a series of experiments that make four main points: (a) different interfaces for accomplishing the same task can elicit significant variability in performance, (b) switching interfaces can result in adverse sharp shifts in performance, (c) subject to some variability, there are individual thresholds on tolerance to this kind of performance degradation with an interface, causing users to potentially abandon what may be a pretty good interface, and (d) our main result -shaping user learning through the presentation of intermediate interfaces can mitigate the adverse shifts in performance while still enabling the eventual improved performance with the complex interface upon the user becoming suitably accustomed. In our experiments, human users use keyboard based interfaces to navigate a simulated ball through a maze. Our results are a first step towards interface adaptation algorithms that architect choice to accommodate personality traits of realistic users.
INTRODUCTION
Interfaces are an important component of computing applications that require interaction between man and machine, ranging from text entry based search, to configuration dialogs to emerging natural user interfaces that provide fully immersive experiences in video games, etc. In typical sequential decision making tasks, users execute sequences of atomic actions that may be configured in various ways. A set of such atomic actions defines an interface.
Given an action set/interface, and many tasks that must be performed with it, users eventually learn policies that map task specifications to sequences of actions. After significant experience, the user typically reaches a level of performance that characterises the efficiency of that interface. At this point, if a new interface were to be introduced, how should the user respond? A fully rational user might be expected to evaluate the expected efficiency of this new interface and adopt it if it could yield a better long term efficiency. In many practical settings, users seem inefficient in making this choice. A key factor here is that of learnability -evaluating the efficiency of an interface takes time, and a boundedly rational user (e.g., one with limited patience) could well arrive at a different evaluation in typical usage [13] 1 . The main aim of this paper is to study this phenomenon through empirical experiments.
The problem of devising a good alphabet of actions has been successfully addressed as one of combinatorial optimisation, e.g., in [5] . Other related work addresses design space exploration [4] , determining optimal parameters within static user models [8] , adaptively determining the best interface based on context variables such as mobile/desktop [6] , [1] and other forms of personalization [10] . In contrast to these works that focus on estimating context from which it is clear what interface to present, our focus is on the temporal nature of the process -on how people learn to use interfaces -based on which we wish to determine how the user herself might choose an interface, which again is based on her own prior experience and private evaluation.
Our experiments are designed to test hypotheses regarding learnability of interfaces. We posit that users with limited patience and diverse prior experience will not only have different levels of initial success with different interfaces but also, given the temporal nature of their habituation [7] with interfaces and limited patience, they may incorrectly evaluate efficiency and prematurely abandon good interfaces. Finally, we hypothesize that this adoption behaviour may be improved by presenting intermediate interfaces that mitigate the initial shock and encourage learning towards the better performance level.
Our hypotheses are directly relevant to practical concerns, such as the need to minimise change aversion [12] , [9] , consumer choices regarding new products [11] , etc. Also, we add to a literature on modelling user adaptation [14] , [2] , [15] , [3] by empirically characterising dynamic choice behaviour.
Our Contributions
Our experiments show that users adapt to interfaces, such that their performance with a particular interface improves with time. We then show that an interface change can dramatically degrade user performance even though the new interface might be better theoretically. This performance slowly improves as the user adapts to the new interface while interacting with it repeatedly. Finally, we show that a well-designed intermediate interface can dramatically reduce the degradation in performance and can also lead to the user learning more quickly to interact with the final interface.
DOMAIN AND PROTOCOL
The aim of our experiments is twofold. Our first goal is to study how user performance and preference over interfaces varies with complexity of the interfaces. Our second goal is to test if the user's experience can be shaped to use complex but more powerful interfaces while minimising the performance hit during training by using an interface of intermediate complexity.
To that end, we implemented a system which required a user to repeatedly perform a task, using different interfaces. Each task executed by the users of our system involves navigating a ball through a simple maze of 1000 × 1000 pixels to a goal location in the shortest possible time, as shown in Figure 1 . Obstacles block the motion of the ball, and each task ends when the goal is reached. Each user performs a number of such tasks in a set of mazes, where the mazes are standardised across users, and the time taken for each task is recorded. We used 20 such mazes, where the mazes were generated randomly initially and then fixed for all experiments.
For the above tasks, we designed three different interfaces for controlling the ball. The control scheme for the mazes is described in Table 1 . The interfaces were designed to represent different tradeoffs between power and ease of use. The first interface, I1, is the simplest to use and the least powerful. It consists of the arrow keys, where pressing the arrow key moves the ball in the expected direction by 20 pixels. The second interface, I2, is in the middle in terms of power and difficulty. It requires using two counter-intuitive keys and then the arrow key to move in the expected direction by 80 pixels. The third interface, I3 is the most difficult to use and also the most powerful. To move in a direction, the user needs to press four counter-intuitive keys in sequence and then her ball is moved by 120 pixels. We use the convention that if the desired motion results in hitting an obstacle, that motion is prevented.
Given the above, the effective distance moved per key press is 20, 26.67 and 30 pixels for I1, I2 and I3 respectively. Consequently, I3 is the interface which can achieve the lowest possible times in these navigation tasks. On the other hand, this is also the interface which requires the most learning to be able to issue the commands quickly, as using this interface requires the additional cognitive load of remembering the key presses, or looking them up as needed. Alternatively, I1 is simple and intuitive to any computer user. Finally, I2 lies in between I1 and I3 in terms of simplicity and intuitiveness.
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Now, our goal is to study if we can shape a user to smoothly use a powerful and complex interface, given that she is used to a simpler interface. So, we designate I1 to be the start interface, I3 to be the target interface and I2 to be the intermediate interface. The conjectures outlined in the introduction now may be translated as follows. With practice, users will be most effective when using interface I3, but at the same time will initially pay a price in terms of decreased performance and increased difficulty when moving from the start interface I1. At the same time by using the interfaces I1, I2 and I3 in sequence, the performance loss and difficulty may be reduced. In the next section we describe experiments to test these conjectures.
EXPERIMENTS AND RESULTS
We performed five sets of experiments with a number of users. Each user was allocated to only one of the sets to ensure that the results were not corrupted by a long-term memory effect. In each experiment the user was required to use different interfaces to solve the navigation tasks according to a given schedule. The schedules are as follows:
1. Baseline 1: I3 for 20 tasks, and then I1 for 20 tasks.
2. Baseline 2: I1 for 20 tasks, and then I3 for 20 tasks.
3. Performance Variability: I1 for 20 tasks, and then I3 for 20 tasks, and again I3 for 20 tasks.
4. Intermediate Interface: I1 for 20 tasks, and then I2 for 20 tasks, and then I3 for 20 tasks.
5.
User Perception: Repeat 20 times: a training task with I1, a training task with I3, and then the user's choice of I1 or I3 such that time taken is minimised.
We discuss each of these experiments in detail in the next four sections. Briefly, the purpose of each of these experiments is as follows. The two Baseline experiments establish the baseline user performance with the start and target interfaces when used in either order. The Performance Variability experiments establish what happens when we switch from the start to the target interface after some time and keep using it. The Intermediate Interface experiments show user performance when the intermediate interface I2 is used to bridge the start and target interface. Finally, the User Perception experiment gives insight into which interfaces users prefer over time given prolonged experience with the interfaces. In the following, we assume the frustration level of a user is proportional to the time taken for a trial, and further that after some such time she would give up on an interface. We do not directly observe this in our experiments, but conjecture that it exists and state some of our conclusions based on this.
BASELINE PERFORMANCE
First we establish how using different interfaces for the same underlying action space affects performance. Here we provide a baseline performance for users with the simple interface I1 and the powerful but complicated interface I3.
Eight users were tasked with 20 trials using each interface, four of which started with I3 (Baseline 1) and the other four with I1 (Baseline 2), so as to remove any effect that the one may have on performance with the second. The results of Baseline 1 are shown in Figure 2 , and Baseline 2 in Figure 3 .
The results from these groups show that before the user has become familiar with the complex interface, both the mean performance and variance of I3 are significantly higher than I1, although faster times are indeed possible with I3.
Note that there is some natural variance in the times taken for the various trials with the same interface. This is because the mazes were randomly generated, and so some were particularly easy or difficult for each interface. We did however standardise these, and each user across the entire study was presented with the same sequence of random mazes, for each interface they used.
PERFORMANCE VARIABILITY
Results in the previous section showed the performance of users in the first 20 trials. As was previously established, I3
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February 24-27, 2014, Haifa, Israel Additionally, note that the performance with I3 is lower in this task than in Figure 2 (a). We believe that this is because the user has a chance to become familiar with the environment. On the other hand, the performance of I1 is the same -which shows that familiarity with the domain is not especially beneficial for I1 and so it is indeed very simple. Figure  (b) shows the cumulative distribution of the time taken to complete the tasks. This shows that, again, without training I1 is better than I3, because for any threshold x > 25s for the frustration level of the user, I3 would breach the frustration for a greater number of tasks than I1.
is more difficult for the user, requiring learning of the interface. We thus provided users with a second batch of 20 trials, such that the first would constitute training with this interface. These results are shown in Figure 4 .
As can be seen, after this training phase the users are able to achieve a faster mean time with I3 than with I1. These is however a significant initial spike in performance times during the training phase, before the users consistently outperform their times on the simpler interface. The effect of the training is that both the mean and the variance of the trial times decrease.
INTERMEDIATE INTERFACES
As shown in the previous section, a user with a simple interface can be given a more complicated interface and ultimately achieve better performance. There is however a spike in time However, now each I1 is played for the fixed 20 mazes and then I3 for the fixed 20 mazes, twice in a row -once as a training batch, and then as the testing batch. This figure shows the effect of using I3 for an extended period of time after using I1, and shows that while the user eventually learns to perform much more effectively with I3 than with I1, the spike during the middle 20 mazes shows that there is a performance penalty for this. Figure (b) shows that the frustration level of the user is breached earlier for the training batch of I3 than for the testing batch of I3, which ultimately outperforms I1.
taken to complete tasks while the user adapts to the new interface. In Figure 5 , we demonstrate that with the correct intermediate interface, a user can be gradually shifted to the more complicated interface, without inducing a spike in time taken.
The adoption of Interface 2 allows the user an easier transition to the full Interface 3, with only a small temporary loss in performance. Interface 2 has a slightly lower mean than Interface 1, with a minimal performance spike. Because Interfaces 2 and 3 are similar, there is also a minimal performance spike when the users make the transition to the final interface.
The key concept here is that although Interface 2 does have the ability to achieve better times than Interface 1, its strength lies mainly in bridging the cognitive divide between the simple and complicated interfaces, and that it accelerates the learning process for the user.
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USER PERCEPTION
In real applications, if a user suffers a loss in performance for more than a few episodes, the threshold being subject specific, when switching to a new and potentially better interface (as shown in Figure 4 ), that user is likely to abandon the new interface (or the application itself) entirely out of frustration.
We observe the effects of this in the User Perception Group. Figure 6 (a) shows the learning curve of human subjects with Interface 3 compared to Interface 1. Note that this ratio only climbs above 1.0 after 9 mazes, corresponding to the point at which users are on average more adept at Interface 3 than Interface 1, in terms of achievable times. The subsequent performance dip around episode 15 is due to mazes which were relatively more difficult for Interface 3. Figure 6 (b) depicts the proportion of users which chose Interface 3 over Interface 1, in testing mazes. This corresponds to the percentage of users prepared to continue using the more complex interface. During the first 8 mazes, up to 40% of Figure 6 . Results for User Perception Group. Figure (a) shows the ratio of times taken by the user during the testing episodes (recall that training and testing is interleaved, and during the training episode the user is trained with both I1 and I3, and then during testing episode, given the choice of using I1 or I3). Eventually, the user does improve with I3 but this only starts stabilising after episode 10. Figure (b) shows the user preference as a proportion of time they chose interface I3 during the testing phase. In agreement with Figure (a), this shows that within about 4 testing episodes, the proportion rises above 0.5 and then reaches the maximum 0.8 at about 10 episodes. Hence, this shows that users do eventually realise that using I3 is the better option, but not quickly.
users would rather use the simpler interface, which is indicative of a threshold at which they would abandon the interface. It is only after 10 episodes that about 80% of the users are satisfied with the more powerful interface.
DISCUSSION
Having presented empirical results from our experiments, we now return to our hypotheses outlined in the introductionwhat implications can we draw from the data and what does it say about our conjectures?
• Experiments in Figure 4 show how the user's performance degrades when they switch from an elementary interface to a more complex interface, defined by an unfamiliar action set that must be memorised. However, we see that if they stick to this interface setting, they achieve a better performance level after the initial learning period. Although the initial performance degradation is expected from common sense, the fact that users may never realise the true potential of the better interface is counter to standard assumptions of expected-value based optimisation procedures that might inform interface optimisation.
• The experiments in Figure 6 show how the perception of the efficiency of each interface evolves over time. Although the quantitative threshold varies by user, it is clear that it takes many episodes before the user feels sufficiently comfortable with the initially unfamiliar interface to confidently choose it and realise the potential benefits. If users are impatient, in that they have a short horizon within which they need to see improved performance, they would mistakenly estimate the efficiency of the better interface and prematurely abandon it.
• Experiments in Figure 5 present a way out. If an intermediate interface were available that alleviates the initial loss in performance, the dual goals of lowering performance degradation and eventually achieving the better performance level could be achieved. This is clearly evident from the comparison in Figure 7 .
CONCLUSION
The work presented in this paper represents an attempt to study temporal aspects of learning to use an interface. Many approaches to devising optimal interfaces and to adapting interfaces to context are implicitly based on a decision theoretic approach to maximising expected utility. As we show in empirical experiments, the optimal decision is made more complex by the way in which users learn and the extent to which history can play a role in their choice behaviour. This calls for a more refined user model that informs the optimisation process. Our experiments shed light on what attributes need to be captured in such a model. Moreover, we present empirical evidence to the effect that the problems raised by learning and boundedly rational user choices can be mitigated by introducing intermediate interfaces. One way in which this idea can be applied more generally is in interfaces that are continuously parametrisable, for example based on gestures or wearable sensors. Our experiments, such as in Figures 5  and 6 , are precursors to a learning algorithm that can make choices regarding sequences of interface settings in an automated fashion. Designing and implementing such algorithms is an area for future work.
